Pinus radiata seedlings, the most widely planted pine species in the world, were exposed to temperatures within a range mimicking future scenarios based on current models of heat increase. The short-term heat response in P. radiata was studied in detail by exploring the metabolome, proteome and targeted transcriptome. The use of complementary mass spectrometry techniques, GC-MS and LC-Orbitrap-MS, together with novel bioinformatics tools allowed the reliable quantification of 2,075 metabolites and 901 protein groups. Integrative analyses of different functional levels and plant physiological status revealed a complex molecular interaction network of positive and negative correlations between proteins and metabolites involved in short-term heat response, including three main physiological functions as: 1) A hormone subnetwork, where fatty acids, flavonoids and hormones presented a key role; 2) An oxidoreductase subnetwork, including several dehydrogenase and peroxidase proteins; and 3) A heat shock protein subnetwork, with numerous proteins that contain a HSP20 domain, all of which were overexpressed at the transcriptional level. Integrated analysis pinpointed the basic mechanisms underlying the short-term physiological reaction of P. radiata during heat response. This approach was feasible in forest species and unmasked two novel candidate biomarkers of heat resistance, PHO1 and TRANSCRIPTION FACTOR APFI, and a MITOCHONDRIAL SMALL HEAT SHOCK PROTEIN, for use in future breeding programs.
Introduction
The evolution of land plants was accompanied by the acquisition of acclimation mechanisms to fluctuating environmental conditions (Suzuki et al., 2016) . In the current context of climate change forecasting more frequent and intense high temperature events (Coumou and Robinson, 2013; Dulière et al., 2013) , the heat response in plants is a physiological process of growing interest for researchers (Larkindale and Vierling, 2008; Correia et al., 2014; Escandón et al., 2016) . Significant progress has been achieved in elucidation of the physiological and molecular mechanisms underlying heat response in model species. However, a knowledge gap remains regarding how this response works, particularly in pine species.
Pinus radiata D. Don is currently the most widely planted pine species, mainly found in New Zealand, Australia, South Africa, Chile, and northern Spain, due to its fast growth, acceptable quality wood and economically profitable production. However, several recent reports have reported that the potential effects of anthropogenic climate change could challenge the commercial viability of plantations in several countries (Allen et al., 2010) .
Among the effects of high temperatures, the most relevant is the alteration of membrane fluidity (Los and Murata, 2004) , which can lead to impairment of the lipid bilayer. It has been reported that plant resistance to high temperatures might be improved by reducing the content of unsaturated fatty acids in the membrane (Murakami et al., 2000) , which is directly related to the decrease in membrane fluidity (Alfonso et al., 2001) . On the other hand, the accumulation of reactive oxygen species (ROS), as a consequence of heat stress, triggers membrane and protein damage (Larkindale and Knight, 2002) . To avoid this, plants have evolved antioxidant machinery consisting of enzymatic components, such as superoxide dismutase, ascorbate peroxidase, glutathione reductase, catalase, and peroxidases, and non-enzymatic components, such as glutathione, ascorbate, carotenoids, and flavonoids (Almeselmani et al., 2006) .
Heat is sometimes accompanied by other stresses like drought. Recent studies showed that both stresses have overlapping roles (Jia et al., 2017) , such as in heat-or droughtresponsive genes. Focusing on a single kind of response will allow a better understanding of early responses and elucidate the specific pathways involved. Heat stress involves complex mechanisms related to both the effects and responses to the stress, including multiple protective pathways, such as hormone signaling and heat shock proteins (HSPs), which seem to be essential to facilitate continued homeostasis and survival against heat stress (Mishkind et al., 2009; Ahuja et al., 2010) .
The perception of environmental stress drivers activates signal transduction cascades that interact with the baseline pathways transduced by phytohormones (Harrison, 2012) . Plant hormones play central roles in plant stress adaptation by mediating several physiological processes further implicated in growth, development, nutrient allocation, and source/sink transitions. Previous studies in P. radiata showed that abscisic acid (ABA) and salicylic acid (SA) are crucial players in the initial response to heat stress , probably related to the urgency of the plant to quickly regulate stomatal closure as observed in other species (Acharya and Assmann, 2009 ). Factors such as indolacetic acid (IAA) and cytokinins (CKs) seem to be more important for the acclimation and recovery of the plant; however, how these hormones interact to combat heat stress is unknown.
Another important player in heat response is the induction of HSPs. HSPs are a group of evolutionarily conserved polypeptides, which are induced in all organisms in response to environmental stresses and during various developmental processes (Dafny-Yelin et al., 2008) . In plants, HSPs can be classified into five groups on the basis of their molecular mass: small HSPs (sHSPs) between 16-42 kDa, namely the HSP20 family (Wang et al., 2004) , the chaperonins GroEL and HSP60, the HSP70 (DnaK) family, the HSP90 family, and the HSP100 (Clp) family.
Heat effects and responses involve multiple mechanisms and pathways. A few of the more important players have been highlighted above. Recent research has made efficient use of 'omic' approaches to identify transcriptional, proteomic and metabolic networks linked to stress perception and its complex response (Hemme et al., 2014) . Combining experimental data from multiple 'omic' platforms allows the identification of latent biological relationships that may become evident only through holistic analyses integrating measurements across multiple biochemical domains (Valledor et al., 2014b; Wanichthanarak et al., 2015) .
Consequently, this work aims to provide a comprehensive understanding of the high temperature response by integrating different functional levels and implementing an experimental system similar to that of natural conditions. Classical physiological measurements were combined with state-ofthe-art mass spectrometry-based analytical procedures for characterizing the changes in the metabolome and the proteome of heat-stressed plants. The data were analyzed in a comprehensive manner following an integrative multivariate approach combining 'omics' and hormone and physiological datasets. By mining these datasets, the complex responses of P. radiata to heat stress revealed the dynamic behavior of the metabolic and signaling transduction pathways, as well as connections among the pathways. Altogether, this work provides new insights into the response and acclimation process to heat stress, identifying new heat-responsive pathways and providing a list of potential heat-tolerance biomarkers to be further considered by breeders and forest managers.
Material And Methods

Plant material and experimental design
The assay was conducted in a climate chamber under controlled conditions (Fitoclima 1200, Aralab). One-year-old P. radiata seedlings of about 33 ± 4 cm in size were kept in 1 L pots containing blond peat:vermiculite at a ratio of 1:1, under a photoperiod of 16 h at 400 µmol m -2 s -1 at 25°C and 50% relative humidity (RH) and a night period of 8 h at 15°C at 60% RH. Plants were maintained at field capacity (FC) every day and fertilized weekly with a nutritive solution containing N:P:K at a ratio of 5:8:10. After an acclimation period of one month, heat exposure treatment began with a temperature ramp ranging from 15°C to 40°C over 5 h and then maintained for 6 h. This experimental procedure was repeated for 3 d and sampling was performed at the end of the 6 h heat exposure at 40 °C on day 1 (T1) and on day 3 (T3). Plants were watered every day to 80% FC. A group of control plants (C) was also collected on day 1 before starting the heat exposure treatment.
Needles within the range of 6-7 cm long from P. radiata seedlings were sampled, 9 seedlings per sampling point, cleaned with a moistened cloth and immediately frozen in liquid nitrogen until RNA, metabolites and proteins were extracted. Pools of three plants for each biological replicate were sampled. Data for physiological parameters were taken from Escandón et al. (2016) for multivariable and integrative analysis. Physiological parameters included: relative water content (RWC), quantum yield of Photosystem II photochemistry (Φ PSII ), maximum quantum efficiency of PSII (Fv/ Fm), malondialdehyde content (MDA), electrolyte leakage (EL), proline content, starch content, total soluble sugars (TSS), chlorophyll a (Chla) content, chlorophyll b (Chlb) content, carotenoid (Carot) content, abscisic acid (ABA) content, salicylic acid (SA) content, zeatin riboside (ZR) content, gibberellin A7 (GA7) content, isopentenyl adenosine (iPA) content, castasterone (BK) content, indol-3-acetic acid (IAA) content, dihydrozeatin riboside (DHZR) content, isopentenyl adenine (iP) content, jasmonic acid (JA) content, gibberellin A9 (GA9) content.
Extraction of RNA, metabolites and proteins for 'omics' analysis
RNA, metabolites and proteins were extracted from the same sample, as described by using 100 mg of needle fresh weight.
Polar metabolite identification and quantitation using LC-Orbitrap-MS analysis
The polar fraction of each sample was analyzed twice on an LC-Orbitrap-MS, first using the positive ion mode and then the negative. Recordings from both the DAD detector and from the high resolution mass spectrometer were monitored and saved to check system functioning and evaluate later results. For the high performance liquid chromatography component, a Dionex Ultimate 3000 (ThermoFisher Scientific, USA) was used. The LC-Orbitrap-MS system, controlled by Xcalibur version 2.2 (Thermo Fisher Corporation), was run according to the procedure of Meijón et al. (2016) . Mass spectrometry (MS) was performed using an LTQ Orbitrap XL-high resolution mass spectrometer (ThermoFisher Scientific, USA) equipped with an HESI II (Heated electrospray ionization) source. The resolution and sensitivity of the Orbitrap were controlled by the injection of a mixed standard after the analysis of each batch of 30 samples. The resolution was also checked with the aid of lock masses (phthalates). Blanks were also analyzed during the sequence.
The raw data of LC-Orbitrap-MS were processed and compared using MZmine software (Pluskal et al., 2010) . MS1 spectra were filtered establishing a noise threshold at 5.5E 03 and minimum peak height at 6E 03 with a minimum time peak of 0.15 min. Peaks were smoothed and deconvoluted by using a local minimum search algorithm, with parameters of 98% chromatographic threshold, minimum retention range 5 min, minimum relative height of 90%, and minimum ratio top/edge of 1.2. Chromatograms were aligned using the RANSAC algorithm with a tolerance of 5 ppm of m/z and 1.0 min retention time. Normalized peak areas were used for quantification and their values were log transformed before statistical analyses (see Supplementary Table S1 at JXB online, S1a Polar metabolite).
The individual peaks were identified following different approaches; the first step was performed against our own in house library of >100 compounds and manual annotation considering m/z and retention times. In a second step, masses were assigned using the KEGG, CHEMSPIDER, METLIN, MassBank, HMDB and Plantcyc databases as in Meijón et al. (2016) with a built-in MZmine utility with a 5 ppm threshold and considered as undoubtedly 'identified' those metabolites that were defined after the comparison to our standard compound library, and as 'tentatively assigned' those with molecular ions with exact masses corresponding to identified metabolites in databases. Metabolite identification against our library was confirmed by retention time (RT), mass, isotopic pattern and ring double bound parameters. Metabolomics pathways of each metabolite (Suplementary Information 
Non-polar metabolite identification and quantitation analysis
Nonpolar metabolites were methylesterified with 295 μL tert-methylButyl-Ether (MTBE) and 5 μL of trimethylsulfoniumhydroxide (TMSH) for 30 min at room temperature. The tubes were centrifuged for 3 min at 20 000 g to remove insoluble particles before transferring the supernatants to GC-microvials. GC-MS measurements were carried out following a previously developed procedure (Furuhashi et al., 2012) on a triple quad instrument (TSQ Quantum GC; Thermo, USA). The mass spectrometer was operated in electron-impact (EI) mode at 70 eV in a scan range of m/z 40-600. Metabolites were identified based on their mass spectral characteristics and GC retention times through comparison with the retention times of reference compounds in an in-house reference library and the current version of the Golm Metabolome Database (Hummel et al., 2007) using LC-Quant software (Supplementary Table S1b , Non-polar metabolite).
Protein identification, and quantitation GeLC-Orbitrap/MS analysis Proteins were quantified using the BCA method (Smith et al., 1985) and analyzed as described by Valledor and Weckwerth (2014) . Protein samples of 60 µg were run 0.5 cm in 12% SDS-PAGE gels, which were then fixed and stained with 0.1% CBB R-250 in methanol:acetic acid:water at a ratio of 40:10:50 (v:v:v) for 30 min and destained in methanol:water at a ratio of 40:60 (v:v) . Protein bands were cleaned, digested and desalted as previously reported. The Ultimate 3000-DIonex-LTQ-ORBITRAP XL (Thermo, USA) system was maintained as Valledor and Weckwerth (2014) specified, with only a slight modification in the effective gradient, which was set to 90 min from 5% to 45% acetonitrile/0.1 % formic acid (v:v) with a later column regeneration step of 27 min. The employed column was Chromoltih rp-18R 15 cm length 0.1 cm inner diameter (Merck).
The MS/MS data were processed and identified against public databases, Uniprot Viridiplantae (39021 accessions) and Pinus taeda (34063 accesions), and against in-house databases, Pinus pinaster (117080 accessions) and Pinus radiata (67647 accessions) that were built following the procedure described by Romero-Rodríguez et al. (2014) . The identification threshold was established at 5% and 1% false discovery rates (FDR) at peptide and protein levels, respectively, which were obtained by combining the results of the different databases by using the Percolator node of Proteome Discoverer (version 1.4; Thermo Fisher Scientific, San Jose, CA, USA). Peptides were also filtered establishing an XCorr threshold above the peptidecharge state of +0.25, namely 2.25 or 3.25 for peptides charged +2 or +3, respectively. Proteins were functionally classified according to Mapman (Thimm et al., 2004) functional bins. Databases and bins are available at www.valledor.info. Identified proteins were quantified by a label-free approach based on the estimation of the areas of the three most abundant peaks assigned to each protein by Proteome Discoverer. Data were then normalized and filtered as described in Alegre et al. (2016) and Pascual et al. (2016) .
Transcriptomic study by quantitative real-time PCR of candidate genes cDNA was obtained from 500 ng of RNA using the RevertAid kit (Thermo Scientific, USA) and random hexamers as primers following the manufacturer's instructions. Later, qPCR reactions were performed in a CFX Connect Real Time PCR machine (Bio-Rad) with SsoAdvanced Universal SYBR Green Supermix (Bio-Rad, USA); three biological and two analytical replicates were made. and UBIQUITINE genes were tested as endogenous controls employing geNorm following the criteria of Hellemans et al. (2007) . ACT and GAPDH were the most stable and consequently selected as endogenous genes. Normalized Relative Quantities (NRQ) and standard errors of RQ were determined according to Hellemans et al. (2007) . Detailed information about the primers used for qPCR experiments is available in Supplementary Table S3 .
Statistical and bioinformatics analysis
All statistical procedures were conducted with the R programming language running under the open source computer software R v2.15.2 (R Development Core Team, 2015) and RStudio (RStudio Team, 2016) . Three biological replicates were used for metabolome, proteome, transcriptome, and physiological parameters analyses. Proteome and metabolome datasets were pre-processed following the recommendations of Valledor et al. (2014c) and Valledor and Jorrín (2011) . In brief, missed values were imputed using a k-nearest neighbors approach, and variables were filtered out if they were not present in all replicates of one treatment or in at least 45% of the analyzed samples. Data were transformed following a samplecentric approach followed by log transformation. Centered and scaled values (z-scores) were subjected to multivariate analysis, Venn diagrams, and heat map clustering. Venn diagrams of proteins and metabolites were made using package VennDiagrams (Chen and Boutros, 2011 ) with a threshold of 2. Heat mapping was carried out using the Manhattan distance method for grouping proteins and metabolites in different pathways; Mapman pathways for proteins and KEGG pathways for metabolites. Multivariate analysis as performed using Principal Component Analysis (PCA), Sparse Partial Least Squares (sPLS) and network analyses . The sPLS algorithm was used to find correlations between predictor, proteins matrix, and response variables, metabolites with physiological parameters. The dataset normalization was performed before combining them. PCA, sPLS analysis, and regression (Lê Cao et al., 2008) were conducted with mixOmics (Lê Cao et al., 2009) . Network topology was defined after applying sPLS regression using the function network of the mixOmics package and filtered in Cytoscape v.3.3.0 (Cline et al., 2007) ; only edges equal or higher than 0.969 threshold were maintained. Univariate analyses were conducted using mixOmics; one-way ANOVA followed by a Tukey HSD post-hoc test, P<0.05. K-means cluster analysis was performed using core functions of R, selecting 16 optimal clusters of tendency. For creating simulations of random objects, the random seed was set to 549 in all analyses. Graphics were plotted employing ggplot2 (Wickham, 2009 ) and pheatmap (Kolde, 2015) .
Results
Short-term heat response: characterization of the proteome and metabolome
Proteomic analyses of control plants (C) and short-term, heat response samples (T1 and T3) allowed the identification of 901 protein groups using a combination of public and inhouse database searches. From these, 848 were used for quantitative analyses, as they were present in all replicates of at least one treatment. Proteins not annotated in databases were subjected to a homology-based functional annotation of the identified proteins; BLAST-based with threshold e-values below 10 -50
. This extra step increased the number of annotations by 3.3 %, raising the number of annotated protein groups up to 78% (Supplementary Table S4a) .
After univariate statistical analyses, using ANOVA with a 5% FDR, 51 proteins were considered differentially accumulated during the time course. These proteins belonged to different pathways, for example lipid metabolism, heat stress, transport, and major and minor carbohydrate metabolism, covering primary and secondary metabolism (Supplementary Table S4a ).
Metabolomic analyses allowed the detection of 2,075 masses in the three studied time points. From these, 24 peaks were unequivocally identified and 677 tentatively assigned to a chemical group using the selected databases. During the heat response 412 metabolites were differentially accumulated (ANOVA, 5% FDR; Supplementary Table S4b) . These metabolites primarily belonged to various secondary metabolic pathways, such as: diterpenoid biosynthesis; phenylpropanoid biosynthesis; flavonoid biosynthesis and glucosinolate biosynthesis (KEEG pathways in Supplementary Table S2a) .
Venn diagrams of all proteins and metabolites ( Fig. 1 ) revealed that metabolite data always presented the highest percentage of characteristic elements in each type of sample in contrast to proteins. The longest exposure time (T3) were the samples that showed the highest number of characteristic metabolites at 254 (12.2%), while this treatment, conversely, showed the least number of characteristic proteins at 15 (1.77%).
Biclustering heatmap analysis, both at the metabolome and proteome level (Fig. 2) , distinguished the different heat exposures and allowed the determination of expression clusters demonstrating a dramatic induction by the applied stress.
Combined approach of short-term heat response
Multivariate analyses were performed for integrating protein, metabolite, hormone, and physiological datasets to reveal the dominant processes and potential physiological/ biological interactions. The combined analysis of all studied levels, namely 'omics' and physiological, by PCA showed that the first two components of PCA accounted for almost 40% of the total variance, while grouping and distinguishing short-term time exposures ( Supplementary Fig. S1 and Supplementary Table S5 ). The physiological variation gathered by each component was explained by analyzing the variables exhibiting highest loadings (Table 1) to each component. PC1 potentially explained the intial heat stress response; secondary metabolites, such as a neolignan (citrusin A), a triterpenoid saponin (bruceoside A), and a flavonoid (laricitrin 3,7,5-triglucoside), related positively with this component, while a CARBOHYDRATE KINASE FAMILY PROTEIN and other unknown metabolites were negatively related. On the other hand, PC2 likely explained the adaptation to the stress in relation to hormone signaling and the oxidative stress response. PC2 was positively related to ABA signaling, biosynthesis of amino acids through 3-buten-1-amine and 4-methyl-2-oxopentanoate metabolites, and other secondary metabolites from diverse pathways, such as a triterpenoid (toosendanin), vitamin (pyridoxine) and a flavonoid (3-caffeoylpelargonidin 5-glucoside). A peroxidase protein (containing a PEROXIDASE domain) and several unknown metabolites were negatively related to this component.
Additional multivariate analysis based on sPLS ( Supplementary Fig. S2A ) showed a grouping of the samples similar to that resulting from PCA analysis. The sPLS-based networks, which considered all studied levels of proteins, metabolites, hormones and physiology (Supplementary  Table S6 ), revealed the existence of a complex interaction between levels ( Supplementary Fig. S2B ), including hormones and flavonoids, like ABA, dihydromyricetin, myricetin 3-O-arabinoside or (R)-mevalonate, as key elements in the interconnection of the main clusters.
The correlation network built from this data, allowed the determination of three main subnetworks:
hormone- (Fig. 3A) , oxidoreductase- (Fig. 3B) , and heat shock protein-related (Fig. 3C) clusters.
The first cluster, the hormone subnetwork, shows a negative correlation between hormone signaling, through DHZR, JA, ABA, IAA and SA, tetracosanoic acid, quercetin 3-(2G-xylosylrutinoside), 2,3-Dihydroxy p-cumate, and other unknown metabolites, and PHOSPHATE TRANSPORTER 1 (PHO1), SUCROSE SYNTHASE, SUPEROXIDE DISMUTASE [Cu-Zn], 50S RIBOSOMAL PROTEIN L6, NAD(P)-BINDING domain protein and PHENYLALANINE AMMONIA-LYASE. These latter six proteins, on the other hand, are positively correlated to flavonoids (dihydrokaempferol, cynaroside A and cyaniding-3-galactoside), other phenolic compounds (phloretin or garciduol C), fatty acids (3-hydroxy-5-phenylpentanoic acid and 3-(methylthio)propionic acid), a JA precursor (tuberonic acid glucoside), and other unknown metabolites.
The second main cluster was the oxidoreductase subnetwork, which is centered on the dehydrogenase and peroxidase enzymes 3-ISOPROPYLMALATE DEHYDROGENASE, SUCCINATE DEHYDROGENASE, GLUTAMATE DEHYDROGENASE, ALCOHOL DEHYDROGENASE ZINC-TYPE and PEROXIDASE domain proteins, among others. The oxidoreductase subnetwork links secondary metabolites from terpenoid and flavonoid metabolism (tragopogonsaponin, 3-caffeoylpelargonidin-5-glucoside, 7-ethoxycoumarin and mevalonate, primary precursor for all terpenoids) to proteome remodeling elements (PROTEASOME SUBUNIT ALPHA TYPE, ELONGATION FACTOR P, ELONGATION FACTOR GAMMA 1 domain proteins, MI domain profile proteins, and POLY(RC)-BINDING PROTEIN 3) and to mitochondrial and chloroplastic proteins (CBS DOMAIN-CONTAINING PROTEIN CBSX3 MITOCHONDRIAL, PHOSPHATASE LMPL1 CHLOROPLASTIC and ACYL-DESATURASE 2 CHLOROPLASTIC). Lipid metabolism, membrane trafficking, and glycolysis also appear represented in this cluster by 2-oxoadipate, PHOSPHOLIPASE D and ENOLASE, respectively. Additionally, hormonal stress signaling is again represented in this network by the presence of two highly correlating proteins: ABA/WDS INDUCED PROTEIN and PROTEIN NAC_AB. The plant NAC proteins, NAM, ATAF1,2 and CUC2, constitute a major transcription factor family renowned for its role in several developmental programs and have received much attention as regulators in various stress signaling pathways, including the interplay of hormones (Puranik et al., 2012) . TRANSCRIPTION FACTOR APFI was also linked through three unknown metabolites to the rest of the appointed proteins.
The third cluster was the HSP subnetwork, which reflects the response to initial heat shock linking diverse HSP20 domain proteins to metabolites from different pathways, including: fatty acids (9-oxononanoic acid, 9R10R-Dihydroxyoctadecanoic, phytenoic acid, etc.), homones (iPA), sugars (L-rhamnose and derivated), flavonoids, terpenoids (taxifolin, hibiscitrin, sclareol), and several unknown metabolites. Through these metabolites, HSP20 proteins are connected to proteome remodeling elements, such as TRANSCRIBED RNA SEQUENCE, PSP2A 65KDa REGULATORY SUBUNIT A BETA ISOFORM and 40S RIBOSOMAL PROTEIN S16, and to proteins related to the stress response. Such stress-response proteins included MITOCHONDRIAL SMALL HEAT-SHOCK PROTEIN, PHI CLASS GLUTATHIONE S-TRANSFERASE, CHLOROPLAST SMALL HEAT SHOCK PROTEIN, RTFL01-02-C02 that contains a glutathione transferase domain, mitochondrial electron transport proteins CYTOCHROME B-C1 COMPLEX SUBUNIT 7, QCR7, and PROHIBITIN, and a channel protein of the MIP FAMILY. HSP20 proteins act as chaperones that can protect other proteins against heatinduced denaturation and aggregation. Thus, these proteins, linked to HSP20 proteins in the third cluster, may be critical for P. radiata survival after heat stress.
K-means clustering analysis (Fig. 3, Supplementary Fig. S3 and Supplementary Table S7) was employed to further investigate co-expression patterns between all of the studied variables. A total of 16 clusters of variables were determined following the Elbow method (Ketchen and Shook, 1996) . A comparison of these clusters to sPLS clustering results showed that all proteins detected in the first node of sPLS correlation networks (Fig. 3A , Supplementary Fig. S3 and Supplementary Table S8a) belonged to cluster 16, which showed a decrease in levels from T1 to T3. However, most of the metabolites negatively correlated with these proteins were clustered in cluster 14 and showed a rapid level increase from T1 to T3. Conversely, the positively correlated metabolites shown on the left side of the node (Fig 3a) belonged to cluster 6 (Supplementary Fig. S3 and Supplementary Table S8a ).
In the second clustering (Fig. 3B, Supplementary Fig. S3 and Supplementary Table S8b), most of the proteins and metabolites were detected in clusters 1 or 3. Both clusters showed opposite patterns for the proteins and metabolites belonging to cluster 1, such as the domain PEROXIDASE, 3-ISOPROPYLMALATE DEHYDROGENASE, R-mevalonate -a key element in isoprenoid metabolism -or the triterpenoid k-stronphanthoside ( Fig. 3; Supplementary Fig S3 and Supplementary Table S8b) , which showed the highest levels in T1. In contrast, those variables belonging to cluster 3, such as PHOSPHOLIPASE D, PROTEOSOME SUBUNIT ALPHA TYPE or the benzoquinone rapanone, were the lowest in T1. Finally, most of the proteins from the third clustering ( Fig. 3C and Supplementary  Table S8c) , and all HSP20 proteins, relate to cluster 9 (Fig 3; Supplementary Table S8c) , showing a rapid increase from the control to T1 and remaining stable from to T1 to T3. However, most of the metabolites from the third clustering belong to trend 5 or 8 (Supplementary Table S8c ). Cluster 5 includes PSP 2A 65 kDa REGULATORY SUBUNIT A BETA ISOFORM and sugars, L-rhamnose and derivations, and showed a similar pattern to proteins from cluster 9. Metabolites of cluster 8, including The proteome according to MapMan functions. Manhattan distance and Ward's aggregation method were used for both hierarchical clusterings. Control, C; 6 h heat exposure on day 1, T1; 6 h heat exposure on day3, T3. Heat map results corresponding to metabolomics data showed that metabolites from the aminobenzoate degradation pathway mainly accumulated in T1, while secondary metabolites were predominant in T3, such as flavone, flavonol (annotation with P-value between 0.001 and 0.05 in Supplementary Table S2b) , and those relating to diterpenoid biosynthesis and sphingolipid signaling pathways (annotation with P-value between 0.001 and 0.05 in Supplementary Table S2b) . A high amount of metabolites from the biosynthesis of unsaturated fatty acids (P-value between 0.001 and 0.05 in Supplementary Table S2b) , cutin, suberine, and wax biosynthesis, as well as ubiquinone and other terpenoid quinone biosynthesis pathways, were detected in both treatments (T1 and T3). Interestingly, some pathways that were very active in control plants, such as terpenoid and steroid biosynthesis (annotation with P-value<0.001 in Supplementary Table S2b) , terpenoid backbone biosynthesis, and riboflavin metabolism (annotation with P-value<0.001 in Supplementary Table S2b) , were drastically reduced in T1 and partially recovered their levels in T3. Protein heat map analysis showed the accumulation of proteins in T1 from transport and mitochondrial electron transport pathways, as well as from oxidative pentose phosphate pathways and nucleotide metabolism. While in T3 the most abundant proteins were involved in fermentation, minor carbohydrate metabolism and hormone metabolism pathways. dihydrokaempferol and 40S RIBOSOMAL PROTEIN S16, presented a completely opposite behavior in decreasing their levels from control to T1 and, in most cases, remaining stable from T1 to T3. These results revealed the high number of heat-responsive and adaptive pathways in P. radiata. Some of these responses were already described, while others were partially defined or completely unknown. The most significant changes are depicted below.
Hormone signaling and secondary and lipid metabolism are key elements in modulating short-term response to high temperature in P. radiata
Heat stress has a complex impact on cell function, suggesting that many processes are involved in heat response. Our data showed that secondary and lipid metabolism is rapidly altered after heat stress. In addition, metabolome analysis revealed a rapid and major rearrangement of secondary metabolism towards the production of flavonoids, other phenol compounds, and antioxidants after heat exposure ( Fig. 3A ; Table 1 ). Larkindale and Knight (2002) indicated that membrane and protein damage caused by heat stress lead to the production of ROS causing heat-induced oxidative stress. This was reflected at the transcriptional level by the overexpression of SUPEROXIDE DISMUTASE [Cu-Zn] (SOD) (Fig. 4A) . SOD is an important antioxidant defense in nearly all living cells exposed to oxidative stress directly linked to heat stress. SOD levels were drastically reduced in T3 ( Supplementary  Fig. S3 cluster 16 and Supplementary Table S8a) . However, at a transcriptional level SOD expression increased 4-fold in T3. Additionally, SUPEROXIDE DISMUTASE [Cu-Zn] positively correlated to antioxidant metabolites, including saturated fatty acids such as 3-(methylthio)propionic acid.
High temperatures and osmolarity stress are known to affect membrane-linked processes due to alterations in membrane fluidity and permeability (Los and Murata, 2004) . Synthesis of unsaturated fatty acids to compensate for a decrease in membrane fluidity at a low temperature has been demonstrated in several plant species (Los and Murata, 2004; Mironov et al., 2012; Valledor et al., 2014b) . This phenomenon has been designated 'homeoviscous acclimation' (Los and Murata, 2004) . If, conversely, heat stress increases membrane fluidity, it is reasonable to predict that a putative heat sensor in the membrane might be activated by membrane fluidization in order to induce compensatory synthesis of saturated fatty acids (Los and Murata, 2004) .
Hormone signaling may be essential to modulate heat response in P. radiata. Previous results showed that ABA and SA play a crucial role in the first stage of the heat stress response. However, in longer exposures and recovery, IAA and CKs seem to be more relevant. By integrating metabolomic, proteomic, physiological and hormone data of short-term heat stress treatments, two proteins, PHO1 and 50S RIBOSOMAL L6 CHLOROPLASTIC, appear negatively connected to all hormones detected in the first node of the sPLS correlation network (Fig. 3A) , namely IAA, ABA, SA, JA, and DHZR. The PHO1 protein family is defined as a novel class of proteins involved in ion transport in plants (Hamburger et al., 2002) . Some years ago, the PHO1 was also found to be strongly induced following numerous abiotic and biotic stresses, including wounding, dehydration, cold, salt, and pathogen attack (Ribot et al., 2008) . Recently, PHO1 has also been demonstrated to be involved in ABA-induced stomatal closure and the repression of stomatal opening (Zimmerli et al., 2012) . Transcriptomic data (Fig. 4A) showed that PHO1 expression is significantly increased in T3 similar to 50S RIBOSOMAL L6 CHLOROPLASTIC, which already presented a significant increase in expression in T1. Interestingly, these data suggest a novel role for 50S RIBOSOMAL L6 CHLOROPLASTIC in the heat stress response, linking hormones, physiological response, and the regulation of translation, since this protein binds directly to 23S rRNA and is located at the aminoacyl-tRNA binding site of the peptidyltransferase center. Its biological function has been directly related to the response to CKs (Černý et al., 2013) , but these data suggest new layers of complexity in this regulatory system. Supplementary Fig. S3 ). Only those correlations equal or higher, in absolute value, than 0.9 are shown. (This figure is available in colour at JXB online)
Role of oxidoreductase enzymes and proteosomal rearrangement during short-term heat response
Proteome remodeling is a natural response to stress (Pascual et al., 2017) , which begins as early as T1 and continues in T3. As previously depicted, most pathways are affected, including key defense mechanisms and secondary metabolism, as well as protein biosynthesis, degradation, and gene and transcriptional regulation. Gene transcription affected by heat stress (Fig. 4) led to a differential accumulation of related transcripts of enzymes and transcription factors at different stages of the Fig. 4 . Analysis of the relative quantity (RQ) measured by RT-qPCR of candidate genes revealed by sPLS correlation networks in control plants (C) and short-term heat stress response (T1 and T3). (A) Genes related to hormone and oxidoreductase subnetworks of the sPLS correlation network. (B) Genes related to the heat shock protein subnetwork of the sPLS correlation network. (C) Genes related to the heat shock protein subnetwork of the sPLS correlation network that showed higher overexpression levels over heat stress. Expression levels are shown regarding the control and were normalized using ACT and GAPDH as housekeeping genes. Different letters indicate significant differences; ANOVA followed by a TukeyHSD post-test, P<0.05. Error bars show the SE of normalized RQ for each gene and each sample scaled to the control. PHOSPHATE TRANSPORTER 1, PHO1; CONTAIN GLUTATHIONE TRANSFERASE DOMAIN, RTLFL01-02-C02; CYTOCHROME B-C1 COMPLEX SUBUNIT 7, QCR7; control, C; 6 h heat exposure on day 1, T1; 6 h heat exposure on day 3, T3.
heat stress response. The most interesting proteins from the three subnetworks were selected to analyze the abundance of their respective transcripts. TRANSCRIPTION FACTOR APFI presented a significant increase in expression in T3 (Fig. 4A) . However, it contains NAC_AB, which is a transcription factor related to stress signaling pathways that usually includes an interplay with phytohormones, and it only accumulated in T1 ( Supplementary Fig. S3 cluster 1 and Supplementary Table S8b ) (Puranik et al., 2012) . On the other hand, oxidoreductase enzymes such as SUCCINATE DEHYDROGENASE, which participates in both the citric acid cycle and the electron transport chain, showed a significant drop in gene expression levels in both T1 and T3 (Fig. 4A) , while other oxidoreductase enzymes, such as ADH_SF_ZN_TYPE domain proteins, showed the opposite behavior and rapidly increased in expression from T1 (Fig. 4A) . Aldehyde dehydrogenase enzymes belong to a family of NAD(P) + -dependent enzymes with a broad substrate specificity that catalyze the oxidation of various toxic aldehydes to carboxylic acids. PEROXIDASE domain proteins, although at the transcriptional level did not show significant changes (Fig. 4A ), accumulated at the protein level in T1 ( Supplementary Fig.  S3 cluster 1 and Supplementary Table S8b), confirming the urgency of the plant to detoxify from the very start of the heat stress. This suggests an increase only in the pathways that play important roles in cell and plant survival, while photosynthetic and respiratory rates were kept at their lowest levels until recovering in normal environmental conditions.
HSP20 proteins are essential to maintain plant function after the first impact of heat response
Heat-induced alterations in enzyme activity can lead to an imbalance in metabolic pathways, or to complete enzyme inactivation due to protein denaturation (Larkindale et al., 2005) . Heat can also promote programmed cell death (Larkindale et al., 2005) . In plants, these different types of damage effects are related to reduced photosynthesis, impaired translocation of assimilates, and reduced carbon fixation, leading to altered growth and reproduction (Hall, 2000; Bita and Gerats, 2013) . Plants produce HSPs to combat all of these possibly damaging effects. One of the best-characterized aspects of acquired thermotolerance is the production of HSPs (Larkindale et al., 2005) . In the third cluster of the sPLS correlation network (Fig. 3C ), HSPs were primarily identified from family 20 and were all classified in the same cluster of trends, namely cluster 9, which showed a rapid accumulation in T1 and remained stable to T3, in the k-means analysis ( Supplementary Fig. S3 and Supplementary  Table S8c ). Additionally, the gene expression data of HSP20 FAMILY PROTEIN and other heat shock proteins, such as CHLOROPLAST SMALL HEAT SHOCK PROTEIN and MITOCHONDRIAL SMALL HEAT-SHOCK PROTEIN, showed drastic overexpression both in T1 and T3 (Fig. 4C ). HSP20 and other sHSPs are expressed at maximal amounts under high temperature stress (Sarkar et al., 2009) .
Genetic evidence has established that the HSP family proteins are essential for the acquisition of thermotolerance in plants (Larkindale et al., 2005) . During acclimation, plants, like other organisms, induce massive transcription and translation of HSPs while simultaneously silencing other processes to survive. Therefore, various proteins related to proteome remodeling that had accumulated in T1 and T3, such as TRANSCRIBED RNA SEQUENCE (Fig. 4B) and HSP20 ( Fig. 3C cluster 8, Supplementary Fig. S3 and Supplementary  Table S8c ), were identified in the same sPLS correlation network and correlated to genes with a significant increase in expression in T1 and T3 (Fig. 4B, C) . On the other hand, the levels of 40S RIBOSOMAL PROTEIN S16 and PFKB-LIKE CARBOHYDRATE KINASE family proteins showed a reduction in T1 and T3 ( Supplementary Fig. 3S cluster 8 and Supplementary Table S8c) in order to overcome the stress.
Interestingly, proteins intended to minimize the impact of stress, such as those belonging to the MIP FAMILY that are transmembrane channels related to water transport, PHI CLASS GLUTATHIONE S-TRANSFERASE that is involved in detoxification of cytotoxic alkenals and lipid hydroperoxides, and QCR7 that is a component of the ubiquinol-cytochrome c reductase complex involved in mitochondrial respiratory chain and redox-linked proton pumping, also presented a significant increase in their gene expression levels, especially in T3 (Fig. 4B ).
Discussion
Heat stress has a complex impact on cell function. However, system-wide approaches have facilitated the elucidation of its molecular basis and the identification of mediators of injury, as well as characterization of associated biomarkers (Cramer et al., 2011) .
The proteome is a dynamic reflection of both the genome and the environment and is thought to hold special promise for biomarker discovery (Kosová et al., 2011) . On the other hand, the metabolome is the final downstream product of gene transcription (Das et al., 2016) and, therefore, changes in the metabolome are amplified relative to changes in the transcriptome and the proteome. Independently analyzing both sets of data, in short-term response samples, it was possible to confirm the dramatic changes induced in heat response (Fig. 2) ; lipid metabolism, flavonoid, and terpenoid biosynthesis, as well as oxidative pentose phosphate and hormone metabolism were clearly affected in the short-term heat response in P. radiata. Each data platform provided different but complementary information. However, biological interpretation of changes in discreet 'omic' domains is challenging in the face of complex biochemical regulation (Wanichthanarak et al., 2015) , such as in the heat response of P. radiata.
Integrative analysis combining experimental results from multiple 'omic' platforms allowed the development of a realistic heat response model in P. radiata, identifying the molecular basis and possible mediators of injury, as well as the characterization of possible associated biomarkers related to the short-term heat response in P. radiata.
Three main networks of metabolites, hormones, proteins, and physiological parameters (Fig. 3) in relation to the shortterm heat response were described. The first cluster was the hormone network (Fig. 3A) and highlights the essential role of plant hormone signaling and lipid and flavonoid metabolism during the intial impact of the heat stress response. These elements followed the same accumulation trend and were grouped in the same k-means cluster ( Supplementary Fig. S3 and Supplementary Table S8a ). Specific flavonoids (Treutter, 2005) and fatty acids (Murakami et al., 2000) also constituted relevant nodes of this network. This is not surprising since they are key signaling elements related to oxidative and heat stress. However, the complexity of secondary metabolism complicates a description of the specific functions of all flavonoids and fatty acids. For example, an exhaustive metabolomics study revealed the differential accumulation of phenolic compounds depending on the type of abiotic stress applied (Martinez et al., 2016) , or temperature in the case of fatty acids, where species accumulated some type or other (Los and Murata, 2004) . However, through this integrative analysis the role of specific metabolites such as tetracosanoic acid and quercetin 3-(2G-xylosylrutinoside), both belonging to k-means cluster 14 (Supplementary Table S7 ), were linked to ABA, SA, and JA signaling processes mediating short-term heat responses.
PHO1 was one of the most interesting elements among the proteins showing significant correlations in the network that were linked to the aforementioned molecules. Zimmerli et al. (2012) showed that the expression of PHO1 in guard cells of Arabidopsis thaliana is required for full stomatal responses to ABA. Ribot et al. (2008) also demonstrated that PHO1 expression was increased by application of the JA precursor 12-oxo-phytodienoic acid, a fatty acid. In line with this, the results of this work revealed that PHO1, which showed highly increased transcript abundance in T3, is directly correlated to ABA, SA, and JA levels (Fig. 3A) . Therefore, these data not only confirm the possible role of PHO1 as a biomarker but also validate the relevance of the integration of the data generated by different and complementary 'omic' platforms.
Oxidative damage in plants is one of the major triggers of specific and unspecific stress responses Pascual et al., 2017) . The accumulation of hydrogen peroxide is rapidly translated into reduced photosynthesis, translocation of assimilates, and reduced carbon fixation, leading to altered normal plant development (Brisson et al., 1994; Hall, 2000) . The second correlation network revealed the importance of oxidoreductase activities and proteosomal rearrangements during short-term heat response. Several dehydrogenase proteins, a peroxidase, proteins related to proteosomal rearrangement and two transcription factors, were key nodes of this network. The TRANSCRIPTION FACTOR APFI represents another excellent biomarker candidate that only accumulated after the intial impact of heat stress (T1), although its gene expression (Fig. 4A ) increased both in T1 and T3. Several studies have demonstrated the relevance of transcriptional control of thermotolerance (Larkindale et al., 2005; Ahuja et al., 2010) , triggered by the accumulation of unfolded proteins. This is a universally conserved pathway that monitors all cellular organelles and signals to the nucleus the presence of unfolded proteins (Hemme et al., 2014) . Ensuring the adequate functioning of the proteome through protein recycling and biosynthesis is essential for survival, but also plant detoxification. In addition to different peroxidases and dehydrogenases, one key metabolite, R-mevalonate, was revealed in the second network. This compound was linked to previously described enzymes among other elements of the network (Fig. 3B) . Secondary metabolites are synthesized from the intermediates of primary carbon metabolism, such as mevalonate pathways (Wahid and Ghazanfar, 2006) . The mevalonate pathway, also known as the isoprenoid pathway or HMG-CoA reductase pathway, is an essential metabolic pathway present in eukaryotes. Many higher order isoprenoids, such as carotenoids, tocopherols, ABA, are involved in plant stress responses and detoxification mechanisms (Pulido et al., 2012) .
During acclimation, plants massively express and accumulate HSPs. Some of these proteins were included in the third subnetwork (Fig. 3C) , which was essentially composed of overexpressed proteins of the subfamily of sSHPs containing the HSP20 domain, and other proteins with different functions that were all correlated with different unknown metabolites and compounds from secondary metabolism. The HSP20 domain is proposed to prevent irreversible protein aggregation and maintain denatured proteins in a folding-competent state (Ahrman et al., 2007; Basha et al., 2006) . Although sHSPs have been studied in different plant systems, their interaction network is not fully understood (Reddy et al., 2014) . Additionally, how these large gene family members of sHSPs are finely regulated by a defined set of potential transcription factors to control the stress response is also largely unclear (Reddy et al., 2014) . However, Meiri and Breiman (2009) demonstrated that sHSPs could play a key role in the prolonging of thermotolerance at high temperatures. According to gene expression data and the relevance of the protein in the subnetwork, MITOCHONDRIAL SMALL HEAT SHOCK PROTEIN was one of the most interesting HSPs, which makes it another possible biomarker candidate. This protein accumulated both in T1 and T3 and its gene activation represented an early and quick response in T1. Sanmiya et al. (2004) observed that MITOCHONDRIAL SMALL HEAT SHOCK PROTEIN overexpression enhances thermotolerance in tobacco suggesting an essential role for the acclimation of individual plants.
In conclusion, the integration of transcriptomic, proteomic, physiological, and metabolomic data allowed the description of complete pathways involved in the repid process of acclimation to high temperature in P. radiata. Although heat stress acclimation is still in its infancy in the forestry species, the obtained results are promising not only in defining the mechanisms behind high temperature response in P. radiata and describing how the different stress responses are interconnected, but also in providing novel heat-resistance candidate biomarkers, such as PHO1 and TRANSCRIPTION FACTOR APFI, and other protein markers with a potential direct use in breeding programs, such as MITOCHONDRIAL SMALL HEAT-SHOCK PROTEIN.
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